Abstract -Accurately representing the local solar variability at distribution timescales (30-seconds and shorter) is essential to modeling the impact of solar photovoltaics (PV) on distribution feeders. Previous works have examined variability at single locations, but this may not be useful to an operator whose distribution feeder is in a different climate region. In this work, we compare high-frequency variability from 8 locations in the United States. We define a variability metric for quantifying variability and use this metric to quantify and compare the variability at each of the 8 locations. We also explore the relationship between high-frequency and low-frequency (hourly) variability to see if widely-available low-frequency data (e.g., satellite data) may be used to determine variability climate zones. The end goal is to provide high-frequency solar inputs with climatologically representative solar variability for use in distribution studies.
I. INTRODUCTION
Understanding the impact of interconnecting solar photovoltaics (PV) on a distribution electric grid is crucial to maintaining the integrity of the electric grid. In this work, we aim to quantify and model the variability of solar irradiance and hence solar PV power at short timescales (30-seconds and shorter) relevant to operation of a distribution grid. Our end goal is to produce a tool that will provide representative solar inputs for distribution feeder studies based on the local irradiance variability. This will allow utilities to easily run distribution grid simulations and thus better understand the impact of PV.
Solar variability at distribution timescales (30-seconds and shorter) has been quantified at specific locations previously. Woyte, et al. [1] used up to 1-second irradiance measurements in Germany and Belgium, Perez, et al. [2] used the 20-second measured irradiance data from the ARM network in northern Oklahoma and southern Kansas, Lave, et al. [3] used 1-second irradiance measurements from a network in San Diego, and Hinkelman [4] used 1-second measured irradiance data from Oahu, Hawaii.
Understanding the solar variability at a few select locations, though, may not be helpful to an operator whose distribution grid is not located near one of these known locations. To create more high-frequency data, some studies have taken widely available low-frequency data and downscaled it to represent high-frequency data. Wegener, et al. [5] , Stein, et al. [6] , and Hummon, et al. [7] , [8] have all presented methods for producing high-frequency data form low-frequency measurements. However, it is not clear that these downscaling methods will be accurate for distribution-scale applications, as they were not intended for [6, 7] or were not well-validated at [5, 8] very short timescales (30-seconds and shorter).
In this paper, we compare the high-frequency variability measured at 8 different locations in the United States. We define a variability metric based on the cumulative distribution of ramp rates, and use this metric to directly compare the variability at each location. The variability metric is also used to explore the relationship between high-frequency and lowfrequency (hourly) variability.
In future work, we will use widely available low-frequency data (e.g., satellite-derived irradiance) to create variability zones of like variability using the relationship between highand low-frequency variability. These variability zones will be used to select a measured high-frequency variability sample from the same zone as the distribution feeder to be modeled. In this way, we will be able to easily produce representative high-frequency solar inputs for distribution studies.
II. VARIABILITY METRIC
To quantify variability, we first computed cumulative distributions (cdfs) or ramp rates. These cdfs describe the probability that a ramp will be smaller than or equal to a certain magnitude. To allow for quantitative comparisons of variability, we developed a cdf based variability score called the . The is the shortest distance between the point (0,1) and a point on the cdf:
where points on the cdf are denoted . A visual description of the is shown in Fig. 1 . 978-1-5090-3779-7/14/$31.00 ©2014 IEEE
III. RESULTS
We have assembled a database of high-frequency data (time resolution shorter than 30-seconds) from 10 different locations in the United States (Fig. 2) : Oahu, HI; Livermore, CA; San Diego, CA; Lanai, HI; Albuquerque, NM; Albuquerque, NM #2; Las Vegas, NV; Mayaguez, PR; Alamosa, CO; and Santa Fe, NM. Albuquerque, NM was collected at Sandia National Laboratories while Albuquerque NM #2 was collected approximately 10 km southwest. These two sites will allow for validation of methods, as very similar results should be obtained for each site due to their close proximity. In the future, we intend to collect additional high-frequency data, specifically in the southeast, to augment this database. Using the collected high-frequency data, we computed irradiance ramp rates and plotted the cdfs. The 30-second ramp rate cdfs are shown in Fig. 2 . Alamosa, CO and Santa Fe, NM were not included in this analysis since measurements at those locations were only available on a tracking plane-of-array (POA), which would result in different magnitudes of ramp rates than the global horizontal irradiance (GHI) measurements used at all other locations. In the future we plan to apply transposition models to convert the POA to GHI to include those sites in this analysis.
For all locations, as close to one year worth of data as possible was used. The Livermore, CA site had significant missing data during the summertime, and so may be overestimating variability since summertime in Northern California is typically clear.
From the cdfs, the 30-second was determined for each location (Fig. 3) . These values are roughly consistent with our intuition: Las Vegas (a sunny desert) is the least variable, while the island locations of Oahu, Mayaguez, and Lanai are the most variable. We also note that the two Albuquerque sites have nearly identical values, confirming that the method is consistent in scoring the variability.
In exploring methods for relating 1-hour data to highfrequency data, we compared 1-hour values to shorter timescale values. Due to inconsistencies in the collected high-frequency due to data outages, we chose to use data from the Integrated Surface Irradiance Study (ISIS) network for this comparison. The ISIS data has the advantage of spanning a large portion of the United States (Fig. 4) , having long periods of data uptime, and of having uniform data collection methods at all sites. The downside to the ISIS data is that it is only measured at 3-minute intervals, which does not match the 30-second or less distribution timescales. However, we chose to proceed with the ISIS data on the belief that (a) methods to relate 1-hour data to 3-minute data would also apply to shorter timescale data, and (b) results will be verified with available high-frequency data.
values were computed for each ISIS location for both 3-minute data and 1-hour data generated by averaging the 3-minute data. The data was separated by year, such that one value was found per timescale ( The methodology for computing varied slightly from the high-frequency case. Instead of computing irradiance ramp rates directly, we computed ramp rates of the clear-sky index, which is the irradiance normalized by the expected clear-sky irradiance found from a clear-sky model. The clear-sky index describes the data well, with an value of 0.69. The Seattle and Salt Lake City locations deviate from all other sites in that they have lower 3-minute variability than expected based on their 1-hour variability. This will be examined further to see if it is due to an error or inconsistency in the data processing or if it is a physical phenomenon that must be accounted for in modeling. Other errors were found and corrected in the data, such as the Hanford site being shaded in the morning and afternoon during the summer months. After fully errorchecking the data, the trend between 1-hour and short timescale data will be modeled and used to determine variability zones of like short-timescale variably.
